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Explainable AI-driven precision clinical
trial enrichment: demonstration of the
NetraAI platform with a phase II
depression trial
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Elizabeth D. Ballard5, Carlos A. Zarate Jr.5 & Luca Pani6,7

Clinical trial failures are frequently driven by patient heterogeneity and limited sample sizes that
obscure treatment effects by diluting statistical power. We introduce NetraAI, a novel explainable
artificial intelligence (AI) platform that integrates dynamical-systems modeling, evolutionary long-
range memory feature selection, and large-language model (LLM)-generated insights, to discover
high-effect-size patient subpopulations (“Personas”) from high-dimensional clinical data. In a Phase II
ketamine trial for treatment-resistant depression (n = 63),NetraAI analyzedpsychiatric scale data (175/
patient) and MRI-derived features (185/patient). NetraAI outperformed traditional machine learning
(ML) models in predicting treatment outcomes, improving predictive accuracy by approximately 25-
30% and achieving higher sensitivity and specificity in detecting responders. NetraAI identified a 10-
clinical variable model that improved predictive AUC by 0.32 over standard machine learning (ML)
models and an 8-MRI feature model achieving 95% accuracy and 100% specificity. These findings
demonstrate that an explainable dynamical AI approach can leverage small but rich datasets to
uncover hidden clinically meaningful subgroups. NetraAI’s precision enrichment strategy has the
potential to improve trial success rates and enable personalizedmedicine by prospectively identifying
patientsmost likely to benefit fromagiven therapy in oncology, psychiatry, neurodegeneration, and for
other disorders.

Clinical trials are the backbone of evidence-based medicine, yet they often
fail to demonstrate efficacy – not necessarily due to inadequate treatments,
but because patient heterogeneity dilutes meaningful responses1. Genetic,
demographic, disease-specific, and environmental differences among
patients can obscure true therapeutic effects, diminish statistical power, and
yield ambiguous or negative outcomes2,3. With only 10–20% of drug can-
didate submissions resulting in regulatory approval—a success rate that has
remained unchanged for decades— there is an urgent need for innovative
approaches that enhance both efficiency and precision without sacrificing
scientific rigor or patient safety4.

A promising solution is enrichment, inwhich trials prospectively select
or stratify patients most likely to respond to therapy. However, identifying
these subgroups requires analyzing multi-modal high-dimensional data—
fromdemographic factors, clinical rating scales, tomulti-omics and imaging
biomarkers—tofindmultivariate patterns that are not evident via univariate
analyses5,6. Traditional subgroup analyses predominately rely on univariate
approaches, leaving them statistically underpowered, prone to false dis-
coveries, and unable to capture the complex, multivariate interactions
essential for precision stratification3,7–9. Moreover, these approaches are
typically conducted post-hoc rather than prospectively, limiting their
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impact on trial design. It is not surprising that failure to pre-identify
treatment-responsive subpopulations remains a leading cause of late-stage
trial failures1,10,11.

Advances in artificial intelligence (AI) and machine learning (ML)
hold promise for enrichment by detecting latent responder subgroups in
complex data12,13. However, the vast majority of existing ML tools struggle
with the n≪ p problem typical in early-phase trials: small patient numbers
but many variables (“small n, large p”)14. Even worse, many ML models
operate as “black boxes,” producing outputs with limited interpretability for
clinical or regulatory decision-making15–17. This underscores a critical need
for AI systems that are explainable, reproducible, and capable of robust
performance in small cohorts18.

Here, we introduce NetraAI, an explainable AI platform with a
dynamical systems core and iterative feature refinement, specifically
designed to discover interpretable, high-effect-size patient subpopulations
to guide prospective enrichment. NetraAI embeds patients in a high-
dimensional geometric space, where outcome-driven clusters naturally
emerge. Then, without pruning variables with univariate methods, a stan-
dard practice used to avoid enormous computational complexity19,20,
NetraAI leverages a long-range memory mechanism to iteratively learn
combinations of variables. This process is used to efficiently characterize
robust patient subpopulations (“Personas”) through the combination of 2–4
variables and their corresponding intervals as a simple way of identifying
favorable patients for a clinical trial. Typically, discovering near-optimal
variable combinations that explain differential treatment responses between
active and control conditions is combinatorially intractable due to the
exponential growth of possible variable subsets and their interactions;
however, NetraAI effectively addresses this complexity8,9. The resulting
Personas undergo rigorous internal validation via bootstrapping and
holdout methods, resulting in distinct, biologically explainable facets of
disease dynamics and drug response, rather than arbitrary statistical clus-
ters. The minimal variable combination makes it feasible to identify these
patients during clinical trial screening. A Persona-tuned large language
model (LLM) transforms these findings into transparent, explainable,
clinically-actionable, and regulatory-aligned inclusion/exclusion (I/E)
criteria.

This is the first detailed report of NetraAI’s mathematical foundations
and analytical methodologies, and demonstrated application to a small
Phase II ketamine trial in treatment-resistant depression (TRD) (n = 63).
We benchmarked NetraAI against traditional ML and LLM-based
approaches for identifying response models and their corresponding driv-
ing variables. After deriving each method’s optimal variable set—using
clinical scales and MRI features separately— we trained each traditional
approach with NetraAI’s insights to measure performance gains. While
multi-modal models are feasible, for clarity of exposition, we separate the
reporting into unimodal comparisons. Our aim is to show that NetraAI can
retrospectively identify responder subpopulations with substantially
enhanced treatment effects—offering a practical pathway for how early-
phase trials across therapeutic areas (frompsychiatry to oncology)might be
enriched prospectively to accelerate drug development and improve patient
outcomes.

Results
Identification of a high-response subgroup from psychiatric
scale data and NetraAI’s performance gain over traditional
machine learning methods
Consistent with prior studies, this trial found that ketamine led to greater
short-term improvement in depression scores compared to placebo, but not
all patients responded robustly21,22. Using psychiatric scale data from this
Phase II ketamine trial in TRD (n = 63; 175 variables per patient) with
response considered to be a ≥40% improvement on the Montgomery–Ǻs-
berg Depression Rating Scale (MADRS), we set to identify enriched sub-
populations responsive to ketamine.

Two workflows were run in parallel—traditional ML and NetraAI-
relabeling—to compare performance afforded by NetraAI’s relabeling (Fig.

1). Conventional classifiers (Naïve Bayes, Random Forest, Gradient
Boosting, and a Deep Neural Network) internally conducted feature selec-
tion from the full dataset as part of their training process. Each classifier
independently identified and leveraged variables deemedmost relevant and
predictive for the classification task, reflecting conventional, data-drivenML
modeling approaches23. These conventional ML models attempted to learn
models by using baseline variables from the dataset to characterize patient
populations. The low AUC values for Random Forest (0.27) and Gradient
Boosting (0.29) likely stemmed from the combination of small sample size,
high dimensionality, class imbalance, and substantial heterogeneity in the
unprocessed dataset. Under these conditions, tree-based ensembled meth-
ods can overfit to noise, sometimes producing inversely correlated predic-
tions. Overall, conventional ML models produced area under the receiver
operating characteristic curve (AUC-ROC) values between 0.27 ± 0.16 and
0.62 ± 0.15, with accuracy ranging from 44.5% ± 6.3 to 60.3% ± 7.3, and F1
score from 55.0% ± 13.2 to 74.6% ± 5.4 (Table 1), suggesting overfitting and
weak signal extraction. This illustrates a broader challenge in clinical trial
datasets, unstratified, high-heterogeneity data can cause conventional ML
methods toperformnobetter, or evenworse than chance.NetraAImitigates
this by identifying coherent, explainable subpopulations through variable-
bundle learning, producing lower-noise feature spaces that arebetter aligned
with the underlying biological signal.

As the primary goal of NetraAI is to discover Personas for drug pre-
ferential response, the patient population is separated into two categories:
placebo non-responders or treatment responders (PNR/TR), the favorable
subpopulation, and placebo responders or treatment non-responders (PR/
TNR), the unfavorable subpopulation. In this case, the dataset consists of 43
patients in the PNR/TR class and 20 patients in the PR/TNR class. NetraAI
utilized its novel approach to introduce an “unknown” or unexplainable
class,while learning a10-variable bundle that defined a set of 26out of the 63
trial participants, of whom 81% were true PNR/TRs. “Unexplainable”
patients are those whose feature profiles do not allow for a stable, inter-
pretable classification within the learned variable bundles that define the
responder and non-responder subpopulations. Patients are deemed unex-
plainable if there is low cluster membership confidence, no coherent sub-
population profile, and ambiguous class separation. Importantly,
unexplainable does not mean the patient is an outlier in a purely statistical
sense, rather that they cannot be embedded into a stable, high-effect-size,
explainable subpopulation within the learned dynamical system. The
defining variables for the explainable PNR/TR group were drawn from two
clinical scales, consisting of the following: Clinician-Administered Dis-
sociative States Scale (CADSS) Derealization, Total Score, Slow Motion,
Depersonalization, In aDream, Take Longer, Amnesia, ColorsDiminished,
Separated fromWhat is Happening, and Beck Depression Inventory (BDI)
Indecisiveness24,25.

The standard classifiers were retrained exclusively on these features
and also took advantage of a label that categorized this 26-subject set as a
dependent variable. This yielded dramatic performance improvements in
terms of robustness as shown in Table 1. All NetraAI-guided models out-
performed traditional approaches, with performance gains exceeding 30
percentage points in AUC, underscoring NetraAI’s ability to define a
clinically plausible subpopulation and select a small set of high-impact
features to improve classification performance compared to traditional,
high-dimensional approaches. While all NetraAI-guided models out-
performed their traditional counterparts, the post-NetraAI Naïve Bayes
model showed only a marginal change in F1-score (55.0% ± 13.2 vs
54.9% ± 19.5). This likely reflects Naïve Bayes’ simplifying independence
assumption, which is not well-suited to the correlated clinical features
identified by NetraAI, in contrast to multivariate classifiers that capitalized
on these dependencies and showed greater F1 improvements.

MRI-based neuroanatomical model discovery and NetraAI-
enhanced classification performance
Using the sameapproachas outlined above,we evaluatedwhether structural
MRI features (185 volumetric features per patient) could define ketamine-
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responsive subpopulations. Univariate ANOVA F-test and mutual infor-
mation was used to score features, where the runs were independent of
NetraAI’s input. To provide a more competitive and interpretable baseline,
we restricted the analysis to the top 15 features based on ANOVA F-test
scores (Table 2), which represented the MRI volumetric features showing
the greatest class-wise variability. Naïve Bayes had the best performance
with 64%± 5 accuracy, 60% ± 8 AUC, 68% ± 16 sensitivity, and
55% ± 19 specificity (Table 3). Other traditional models exhibited poor
generalization, particularly in specificity, likely due to class imbalance and
the small sample size.

Alternatively,NetraAI identified a subgroupof 15patients, 12 ofwhom
were true PNR/TRs (80%) defined by eight keyMRI volumetric reductions:
right hippocampus, right posterior cingulate cortex (gray matter), right

medial orbitofrontal cortex (graymatter), left inferior temporal gyrus (white
matter), left middle temporal gyrus (gray matter), bilateral temporal pole
(white matter), right rostral middle frontal gyrus (whitematter). Retraining
the traditional classifiers using only these NetraAI-identified features
achievedup to 100%accuracy, sensitivity, and specificity, and anAUCof 1.0
with Gradient Boosting (Table 3). This significantly improved model per-
formance across all metrics, with the greatest relative lift in AUC from
0.34–0.60 to 0.94–1.00, and near complete elimination of false positives,
exceeding ordinary variability encountered with standardmethods in small
datasets.

It is important to note that these near-perfect metrics should not be
interpreted as evidence of global predictive accuracy across all patients.
Rather, they reflect NetraAI’s ability to isolate a coherent, high-effect-size

Table 1 | Model Performance on ketamine trial(PNR/TR classification) using psychiatric scale dataa

Model Feature set AUC-ROC Accuracy F1-score

Naive Bayes Data baseline variables 0.61 ± 0.15 55.8% ± 9.6 55.0% ± 13.2

Random Forest Data baseline variables 0.27 ± 0.16 60.3% ± 7.3 74.6% ± 5.4

Gradient Boosting Data baseline variables 0.29 ± 0.10 44.5% ± 6.3 61.3% ± 5.9

DNN Data baseline variables 0.43 ± 0.18 52.2% ± 11.7 66.5% ± 8.5

Naive Bayes NetraAI (10-variable model) 0.84 ± 0.05 73.2% ± 10.5 54.9% ± 19.5

Random forest NetraAI (10-variable model) 0.83 ± 0.09 84.2% ± 8.3 82.0% ± 8.3

Gradient boosting NetraAI (10-variable model) 0.87 ± 0.11 84.2% ± 8.3 80.7% ± 10.8

DNN NetraAI (10-variable model) 0.82 ± 0.12 84.2% ± 8.3 82.0% ± 8.3
aValues represent means from nested cross-validation ± SD.

Fig. 1 | Parallel machine learning (ML) pipeline comparing traditional classifiers
to the NetraAI relabeling approach. Both workflows are applied to the same trial
dataset (n = 63; endpoint ≥40%MADRS improvement atDay 7; 175 baseline clinical
scales variable per patient). For the traditional pipeline, four classifiers (Naïve Bayes,
Random Forest, Gradient Boosting, Deep Neural Network) are used to identify
models to characterize ketamine response. Performance is assessed by accuracy,

AUC, sensitivity, and specificity. For the NetraAI Relabeling Pipeline, NetraAI
relabels patients, excludes unexplainable patients, and derives a 10-variable model.
The same four traditional classifiers are retrained on the NetraAI-relabeled cohort
and reduced feature set, and their post-relabeling metrics are compared to the
traditional baseline to quantify performance lift.
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subpopulation within a limited dataset. Since the sample size remains
limited to 63 subjects, these findings should be viewed as hypothesis-
generating and requiring replication in independent cohorts and pro-
spective trials. Within this context, the identified brain regions have known
associations with depression pathophysiology and ketamine response
mechanisms26,27. These volumetric decreases may represent a biologically
distinct depressive subtype characterized by reduced structural integrity in
emotion- and cognition-related circuits, potentially priming these patients
for enhanced responsiveness to ketamine’s synaptic plasticity-promoting
effects28,29.

Identification and characterization of NetraAI-derived patient
personas
The prior analyses focused on classical ML models trained to distinguish
between treatment arms, specifically PNR/TR versus PR/TNR, using either
the original dataset or the NetraAI-defined subpopulation. The aim was
predictive—to assesswhether the provided features and labels could be used
to build amodel that distinguishes between treatment arms that generalizes
well to unseen patients, evaluated using conventional metrics such as
accuracy, AUC, sensitivity, and specificity. In contrast, Personas serve an
explanatory role – a structured representation of a distinct patient type. The
purpose of the Persona is to help us understand and define the patients who
would preferentially benefit from one treatment over another, in this case,
placebo or ketamine. These interpretable profiles provide a transparent

framework for prospective trial enrichment, regulatory review, or targeted
patient selection.

To identify Personas that characterize preferential response to keta-
mine, the dataset was split into a 50/50 train/test set for validation. Personas
are identified in the training set (n = 32) that are validated with boot-
strapping, and those that meet significance thresholds (p < 0.05, Cohen’s
D > 0.5) are evaluated for feasibility in the holdout testing set (n = 31).
Table 4 shows two Personas identified byNetraAI that characterize patients
that demonstrate a preferential response to ketamine.

An LLM tuned with these Personas provided the following output:
“The first profile (Persona 1) appears to identify ketamine responders

through a specific white matter signature. The restricted volumes in left
posterior cingulate and right inferior parietal white matter tracts suggest
altered connectivity within key default mode network components. Given
ketamine’s known effects on glutamatergic signaling and rapid synaptic
plasticity, these patients likely experience enhanced functional connectivity
restoration in these impaired circuits following treatment.

The association with BDI crying/emotional reactivity is particularly
revealing. Patientswith this neuroanatomical signature appear to experience
robust improvements in emotional regulation after ketamine administra-
tion. This suggests ketamine may preferentially modulate the emotional
processing networks in these individuals, potentially through NMDA
receptor-mediated effects on amygdala-cingulate connectivity. Their
superior treatment response compared to placebo indicates ketamine may
specifically target this dysregulated emotional circuit.

The second phenotype (Persona 2) presents a distinctly different
ketamine response predictor based on gray matter morphology. The volu-
metric pattern in left isthmus cingulate and right lingual regions suggests
altered processing in networks involved in interoception and emotional
visual processing. Ketamine’s action in these patients likely involves mod-
ulation of salience network activity and autonomic regulation.

The correlation with cardiovascular anxiety symptoms (HAMA-09)
provides a critical clinical marker. Patients exhibiting this phenotype show
preferential improvement in somatic anxiety manifestations after ketamine
treatment versus placebo. This suggests ketamine’s mechanism in these
responders may involve recalibration of dysregulated interoceptive pro-
cessing and autonomic hyperarousal through its effects on anterior insula-
cingulate connectivity.

From a clinical perspective, these findings suggest two neurobiologi-
cally distinct pathways to ketamine response:
• White matter-mediated emotional regulation circuit restoration

(Persona 1).
• Gray matter-mediated interoceptive/autonomic recalibration

(Persona 2).

These profiles could significantly enhance our precision in ketamine
therapy. Patients with prominent emotional dysregulation and specific
posterior cingulate white matter alterations may represent ideal candidates
for ketamine intervention, while those with somatic anxiety features and

Table 2 | ANOVA F-test scores of top 15-ranking MRI features

Rank Feature F-score

1 Volume of Left Parahippocampal Gyrus (Gray Matter) 2.86

2 Volume of the Right Caudal Middle Frontal Gyrus (White
Matter)

2.14

3 Volume of Left Middle Temporal Gyrus (White Matter) 1.76

4 Volume of the Right Rostral Middle Frontal Gyrus (White
Matter)

1.70

5 Volume of the Left Entorhinal Cortex (White Matter) 1.68

6 Volume of the Right Ventral Diencephalon 1.64

7 Volume of the Left Medial Orbitofrontal Cortex (WhiteMatter) 1.36

8 Volume of the Left Hippocampus 1.29

9 Volume of the Left Middle Temporal Gyrus (Gray Matter) 1.22

10 Volume of the Left Parahippocampal Gyrus (White Matter) 1.19

11 Volume of the Right Temporal Pole (Gray Matter) 1.15

12 Volume of the Left Frontal Pole (White Matter) 1.13

13 Volume of the Right Hippocampus 1.11

14 Volume of the Right Temporal Pole (White Matter) 1.10

15 Volume of the Right Posterior Cingulate Cortex (Gray Matter) 1.06

Table 3 | Model performance using MRI feature set on ketamine trial (PNR/TR classification)a

Model Feature set Accuracy AUC-ROC Sensitivity Specificity

Naive Bayes Top 15 ANOVA features 64% ± 5 0.60 ± 0.08 68% ± 16 55%± 19

Random forest Top 15 ANOVA features 48% ± 6 0.38 ± 0.11 70% ± 9 0%± 0

Gradient boosting Top 15 ANOVA features 44% ± 8 0.34 ± 0.12 60% ± 7 10%± 12

DNN Top 15 ANOVA features 44% ± 8 0.41 ±± 0.09 61% ± 9 10%± 20

Naive Bayes NetraAI (8 MRI features) 91% ± 8 0.94 ± 0.06 73% ± 25 96%± 5

Random forest NetraAI (8 MRI features) 98% ± 3 1.00 ± 0.00 93% ± 13 96%± 5

Gradient boosting NetraAI (8 MRI features) 100% ± 0 1.00 ± 0.00 100% ± 0 100%± 0

DNN NetraAI (8 MRI features) 93% ± 6 1.00 ± 0.00 80% ± 27 98%± 4
aValues represent means from nested cross-validation ± SD.
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isthmus cingulate-lingual alterations may constitute another responsive
subgroup.

These results cannowbeusedby clinicians and trialists to identifyTRD
patients that would most likely benefit from ketamine. Moreover, the
interpretability of the surviving personas enables real-time clinical reason-
ing by linking anatomical markers to symptom dimensions. By anchoring
treatment decisions in explainable subpopulation dynamics, we reduce
reliance on trial-and-error prescribing andmove toward aneurobiologically
grounded framework for patient stratification. These phenotypes are not
only reproducible but also mechanistically plausible, suggesting they can
serve as foundations for prospective enrichment strategies in future clinical
trials and real-world implementation of precision psychiatry.

Experimental demonstration of NetraAI-driven information gain
and dimensionality reduction with minimal loss of
predictive power
To assess the information gain capabilities of NetraAI’s combinatorial
feature learning and dimensionality reduction, we used a synthetic dataset
with >500 features to simulate high-dimensional clinical data.We evaluated
how sequentially reducing the feature set— from 500 down to 4 via

NetraAI’s long-range memorymechanism impacts predictive performance
and information retention. This analysis provides quantitative insights into
NetraAI’s ability to identify and retain the most informative feature com-
binations while discarding redundant or low-informative variables.

NetraAI demonstrated robust dimensionality reduction capabilities. A
minimal feature set consisting of only 4 variables retained nearly identical
predictive performance, as measured by AUC, compared to the full 500-
variable model. Principal component analysis (PCA) was used to show that
NetraAI-selected features explained the majority of variance present in the
original dataset (Fig. 2). Together, these findings illustrate NetraAI’s capa-
city to generate highly interpretable and simplified models that capture the
variability in the patient population and improve the generalizability of the
resulting models. By effectively reducing model complexity, NetraAI also
mitigates overfitting, promoting generalizability and predictive robustness
in clinical research settings19,23.

Discussion
This study introduces NetraAI, a novel, mathematically-augmented ML
system designed to optimize clinical trial effectiveness through robust
subpopulation discovery and trial enrichment. Unlike many conventional

Table 4 | NetraAI-derived personas characterizing preferential ketamine response

Variable Rangea Data rangeb Training p-
valuec

Training
Cohen’s Dc

Testing p-
valuec

Testing
Cohen’s Dc

Persona 1: Training set (n = 14; Placebo = 7 [CI 1.14–4.86], Ketamine = 7 [8.71–20.00]) Testing set (n = 8; Placebo = 4, [−3.00−7.50], Ketamine = 4 [CI 12.50–24.50])

Volume of left posterior cingulate (white
matter)

3375.2–4522.7 3375.2–6573.9

Volume of right inferior parietal (white
matter)

8199.2–12663.9 8199.2–15082.6 0.0069 1.6482 0.0286 2.1153

BDI: Crying/Emotional Reactivity 0–1 0–3

Persona 2: Training set (n = 13; Placebo = 7 [CI −2.85–2.14], Ketamine = 6 [4.33–16.83]) Testing set (n = 12; Placebo = 6 [CI (−3.33)–(−0.17)], Ketamine = 6 [0.17–19.17])

Volume of left isthmus cingulate (gray
matter)

2505–3742 1824–3742

Volume of right lingual (gray matter) 6805–9041 4454–9041 0.0256 1.7371 0.0476 1.3309

HAMA: Cardiovascular Symptoms 0–1 0–3
aRange denotes the interval of the variable defining the Persona.
bData range reflects the minimum and maximum values observed across all patients.
cTraining/Testing p-values and Cohen’s D quantify separation between placebo and ketamine arms within each Persona.

Fig. 2 | NetraAI information gain across variable
reductions. The cumulative explained variance via
PCA demonstrating how each step reduces noise
while retaining the core signal. As NetraAI reduced
the number of variables to model the patients and
discover robust subpopulations, the explanatory
power of the models improved. The observed
cumulative explained variance is a way to demon-
strate the validity of these reductions and the
improved robustness of the resulting models.

https://doi.org/10.1038/s41746-025-02143-7 Article

npj Digital Medicine |           (2025) 8:749 5

www.nature.com/npjdigitalmed


ML tools, NetraAI emphasizes explainability, reproducibility, and clinical
relevance through several key innovations: (1) adynamical systems core that
constructs a geometric patient space, (2) evolutionary feature selection with
long-range memory, and (3) post-hoc natural language synthesis via a
pretrained LLM. Importantly, NetraAI avoids reliance on external datasets,
mitigating risks related to bias, population drift, and unaligned data
structures30. Instead, it optimally extracts high-quality subpopulations from
within a trial’s own data, supporting trial enrichment, early decision-mak-
ing, and prospective design optimization.

We have demonstrated that this dynamical-systems AI platform can
overcome the challengesof patientheterogeneity andhighdimensionality in
early-phase clinical trials through its application to a smallPhase II ketamine
trial. Whereas standard models failed to isolate meaningful subgroups,
NetraAI discovered a 10-variable psychiatric scale model that enriched for
responders with >80% true positives (Table 1). Showing its flexibility across
different data types, NetraAI identified an eight-feature neuroanatomical
model achieving 100% accuracy and specificity, an up to 60-point
improvement in model performance compared to standard classifiers
alone (Table 3). These results identified neuroanatomical correlates of
response in regions like the hippocampus, cingulate, and orbitofrontal
cortex, areas previously implicated in both depression pathology and
ketamine’s mechanism of action31,32. These biologically plausible models
suggest broader applications in biomarker development, digital phenotyp-
ing, and mechanistic stratification. While these neuroanatomical findings
are biologically plausible and supported by prior literature, they should be
interpreted as hypothesis-generating rather than conclusive evidence of
mechanistic pathways.

These findings address the pervasive “small-n, large-p” problem in
early phase trials, where univariate or black-box ML approaches either
overfit or lack interpretability. It is important to consider that small datasets
frequently fail to reflect the broader, real-world patient population, limiting
the external validity of models derived from them33. A key advantage of
NetraAI’s strategy lies in its ability to handle smaller datasets with hetero-
geneous or incomplete clinical information. Traditional analytical frame-
works often attempt to model entire patient populations, which can
introduce considerable noise, dilute meaningful signals, and obscure clini-
cally significant subgroups2,8.

However, the focus should be on patient subgroups that can be char-
acterizedwith some degree of significance, without attempting to explain all
patients in a dataset. NetraAI embraces this and deliberately trades
exhaustive explanation for greater interpretability and predictive accuracy
for clearly defined subpopulations. NetraAI leverages an emergent property
that isolates high-effect-size subpopulations—coherent clusters of patients
whose outcomes can be explained by a distinct, consistent set of variables. In
this approach, patients who fall outside of those well-explained clusters are
designated as “unknown,” effectively granting the model the capacity to
acknowledgewhat it cannot classify. By focusing onwhat canbe learned and
deliberately excluding cases it cannot explain, NetraAI maximizes the
reliability of its predictions, even with limited data. In this context, the
reported near-perfect accuracy and specificity of the MRI-based model
should not be misinterpreted as evidence that the method can predict
treatment response for all patients. Rather, the results underscoreNetraAI’s
capacity to uncover and validate explainable, biologically coherent sub-
populations in which signal-to-noise ratios are strongest. This approach
bothmitigates concerns of overfitting and highlights the value ofNetraAI as
a hypothesis generating tool to guide prospective validation in larger, more
representative trials.

Furthermore, by treating placebo response as an informative tool
rather than a confounder to be statistically removed or controlled, this
novel framework refines patient selection and optimizes drug efficacy
analysis. In this way, it moves beyond the conventional binary clas-
sification of response versus non-response by decomposing the
response space into two clinically meaningful subpopulations (PNR/
TR and PR/TNR). In doing so, it clarifies treatment efficacy by
separating— rather than confounding—drug effects with placebo-

driven improvements, ultimately providing a more accurate signal of
true therapeutic effect.

Importantly, NetraAI’s built-in LLM component transforms these
Personas (Table 4) into language consistent with trial design practices,
bridging the gap between AI-driven insights and trial protocol design. By
identifying these subpopulations a priori, with transparency, this not only
facilitates prospective enrichment, but also supports ethical and equitable
trial conduct by making subpopulation definitions explicit and reviewable.

While the current study highlights a specific ketamine trial, NetraAI is
therapeutic-area agnostic, with an architecture that can be applied to other
diseases or trial datasets. This broader applicability underscores its capacity
to advance precision enrichment strategies across diverse clinical research
domains.

Despite these strengths, we recognize inherent limitations of the cur-
rent study.Our analyses used retrospective data with relatively small sample
sizes; although bootstrapping and nested holdout testing confirmed stabi-
lity, external and prospective validation are necessary to confirm general-
izability. Specifically, two forms of validation were performed: (1) internal
NetraAI validation during training, and (2) a true hold-out validation in
which data excluded from variable-bundle discovery were used to test the
ability to identify the same Persona in unseen participants.While this hold-
out approach confirms that the Personas can be rediscovered in data not
used for their derivation, these findings have not yet been tested in an
independent ketamine trial, and stronger claims about predictive utility will
require replication in larger, prospective cohorts. The most definitive vali-
dation of our approach would be for a subsequent clinical trial to employ a
previously derived Persona as a covariate and confirm its predictive validity
for the same drug; we are presently awaiting the results of such a study.

Furthermore, while the LLM-assisted synthesis of I/E criteria improves
interpretability, it remains a prototype step and must be human-reviewed
before implementation in trial protocols.We also acknowledge the potential
risk of LLM “hallucination,” in which mechanistic explanations, while lin-
guistically coherent and biologically plausible, may not be supported by the
underlying data. To mitigate this, the LLM is never tasked with inventing
mechanistic rationales de novo; instead, it operates on structured Persona
definitions containing explicit variable ranges, effect size metrics, sig-
nificance measures, and class composition statistics derived directly from
NetraAI’s learning process. Any supplementary mechanistic context is
drawn from a curated, graph-theory-based compression utilizing Directed
Acyclic Graphs (DAGs) of relevant literature and datasets, including reg-
ulatory guidance and prior clinical trials, ensuring that references remain
anchored in verifiable sources. In this framework, the LLM’s role is aug-
mentative rather than authoritative, with all outputs subject to review and
confirmation by domain experts before use in trial design or decision-
making. These steps, along with exploration in broader and larger datasets
with other modalities—genomic, proteomic, or digital biomarkers—will be
essential for establishing NetraAI’s utility and reproducibility.

Looking forward, embedding NetraAI into adaptive trial frameworks
could enable real-time enrichment: early data could seed Persona identifi-
cation, guiding mid-trial enrollment to favor likely responders. Additional
studies usingNetraAI-derived criteria are underway to apply theplatform to
oncology andother psychiatry trials. Enhancements to theLLMworkflow—
including transparent prompt design and iterative expert feedback, will
further strengthen the regulatory alignment of the AI-driven Persona
insights. Taken together, the present study should be viewed as establishing
feasibility and internal reproducibility,while providing a roadmap for future
external validation rather than a claim of prospective clinical utility at
this stage.

Overall, thesefindings demonstrate that explainable, dynamical AI can
transform early-phase clinical development by identifying and character-
izing subpopulations with unprecedented clarity and robustness. By
demonstrating feasibility, internal validity, and clinical relevance, this work
lays the groundwork for its use. It addresses many critical challenges in the
field: overcomes the challenge of trial heterogeneity, demonstrates internal
reproducibility even with a small dataset, operates in a therapeutic-area
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agnostic manner, and provides transparent output interpretable by clin-
icians and regulators. Demonstrating NetraAI’s full potential, however, will
require replication in additional datasets and testing within prospective or
adaptive trialworkflows,where early signals can guide real-time enrichment
decisions. NetraAI is uniquely positioned as an AI tool to support precision
medicine initiatives, helping sponsors conduct more targeted efficient, and
transparent trials, ultimately bringing therapies to the right patient popu-
lations and improving clinical outcomes.

Methods
NetraAI architecture and workflow
NetraAI is an explainable AI platform that uses a mathematically
augmented, iterative ML approach to identify treatment-responsive
patient subpopulations. It is specifically designed to address the chal-
lenge of capturing complex, high-dimensional interactions between
patient features in small, heterogeneous clinical trial datasets that are
challenging for traditional ML approaches due to overfitting or
obscuring underlying mechanisms. NetraAI’s architecture consists of
three key components: (1) a dynamical systems-based clustering
engine, (2) an intrinsic long-range memory mechanism and iterative
feature learning process, and (3) a post-processing module that fuses
validated outputs with a pretrained LLM to produce regulatory-aligned
criteria34.

Unlike conventional trial analyses that treat placebo response as a
confounding factor to be minimized or eliminated, NetraAI explicitly
models placebo response as an informative variable—leveraging it to refine
patient selectionandoptimizedrug efficacy analysis.NetraAImovesbeyond
the conventional binary classification of response versus non-response and
instead decomposes the response space into two clinically meaningful
subpopulations (Fig. 3):
• PNR/TR (Placebo non-responders/treatment responders): Patients who

do not exhibit a placebo effect, but respond favorably to treatment.
• PR/TNR (Placebo responders/treatment non-responders): Patients who

demonstrate a significant response to placebo, but do not respond
meaningfully to the treatment.

This approach is powerful due to the characterization of favorable
(PNR/TR) or unfavorable (PR/TNR) subjects, while simultaneously
accounting for both the control and active elements of these classes.

Mathematically, NetraAI defines these subpopulations based on
observed outcomes:

PNR=TR ¼ Yplacebo � 0; Ytreatment > δ
n o

ð1Þ

PR=TNR ¼ Yplacebo > δ; Ytreatment � 0
n o

ð2Þ

Where Yplacebo and Ytreatment represent patient response under placebo
and treatment conditions, respectively, and δ is the threshold for clinically
meaningful response. This formulation ensures that NetraAI identifies
patient groups that provide the clearest signal of treatment efficacy, rather
than confounding drug effects with placebo-driven impairments.

Dynamical system and patient geometry
At the core ofNetraAI is a set of discrete iterative function systems (IFS) that
adapt dynamically through parameterization. These function systems
enable the encoding of all early variables (baseline or screening), including
clinical scales, demographics, biomarkers, genetics, and imaging variables,
into a geometric space where they act as vertices of a cyclic graph35. This
mapping relies on the contraction principles based on the Banach Fixed-
Point Theorem to guarantee that patient representations converge into
stable attractor states36. These clusters are emergent: no assumptions are
made about the distribution or separability of the data. Importantly, the
emergent geometry is non-parametric and data-driven, allowing for flexible
representation even in small datasets. Further, the long-range memory
mechanism, a fundamental emergent property of the dynamical system,
allows for the discovery of combinatorial feature learning through a process
with linear complexity for each iteration.

According to the Banach Contraction Theorem, a function f defined
on a metric space S is guaranteed to have a fixed point under iteration if it

Fig. 3 | NetraAI view of the clinical trial patient population.NetraAI segments the clinical trial patient population to redefine response using PNR/TR versus PR/TNR to
identify favorable and unfavorable outcomes while excluding patient populations that cannot be reliably explained.

https://doi.org/10.1038/s41746-025-02143-7 Article

npj Digital Medicine |           (2025) 8:749 7

www.nature.com/npjdigitalmed


satisfies:

dðf xð Þ; f y
� �

< d x; y
� � 8x; y 2 S; x≠y ð3Þ

Thus, there exists a unique fixed-point z such that:

lim
n!1

f nðnÞ ¼ z 8x 2 S ð4Þ

By iterating a carefully chosen function on this space, the geometric
image of points begins to contract and cluster, effectively yielding a high-
resolution representation of all patients and their relationships based on the
driving variables and their sequencing in system evolution. The IFS
employed is a dynamical system that maps patients into a two-dimensional
space.This is not aprojectionbut an encodingof themost significantdriving
variables into the mapping of all the patients in each dataset onto this two-
dimensional configuration space.

The supervised learning framework in NetraAI follows an iterative
process to identify and refine high-effect-size subpopulations consisting of
the following steps:
1. Assemble all variables into a single vector.
2. Divide this vector into even segments of size n. Any leftover segments

of size <n are randomly mixed and distributed among other segments
to ensure all variables have a chance to be considered.

3. The IFS is applied to each segment and scored based on the binary
dependent variable (e.g., responder or non-responder) using a loss
function. The long-range memory mechanism emerges from the IFS.

4. The purity score is used to evaluate cluster effectiveness.
5. Given the cluster-induced probabilities (pi), the Binary Cross Entropy

loss over the entire dataset is:

LBCE ¼ �
XN
i¼1

yiln pi
� �þ 1� yi

� �
ln 1� pi
� �� � ð5Þ

This is used to evaluate the performance,where yi 2 0; 1f g represents
the true class label, and to find the best models.

6. The best-performing segments are retained while lower-performing
segments are discarded.

7. Surviving segments are combined into a new vector, and the process is
repeated iteratively (1000 iterations).

8. The final surviving segments define powerful combinations of 2–4
variables, identifying high-effect-size subpopulations aligned with the
dependent variable.

The long-range memory mechanism both significantly reduces the
complexity of discovering optimal variable combinations and robustly
identifies clinically meaningful subpopulations within trial data.

Evolutionary feature selection with long-range memory
To identify the most predictive combinations of variables, NetraAI incor-
porates an intrinsic long-range memory mechanism that provides a pow-
erful way for multivariate signatures to be found despite the enormous
complexity involved. This is paired withmethods that are similar to genetic
algorithms37. Variable segments that perform well are retained and
recombined to form the next generation of potential variable candidates.
The long-rangememorymechanism allows each iteration to discover hard-
to-find combinations of variables. This is made possible because each
variable has a sustained, logarithmically decaying influence on other vari-
ables within each iteration. This means that surviving sets of variables then
influence later iterations38. This approach mitigates the combinatorial
explosion associated with feature selection and supports efficient discovery
of clinically interpretable subpopulations. The resulting subset of variables
defines a perspective that is associated with a subpopulation of patients.

Purity-based optimization and loss function
To quantify how well the clustering captures the dependent variable, we
define the cluster-induced probability of belonging to the positive class for
cluster Ck as:

π Ck

� � ¼ jC1j
jC1j þ jC0j

ð6Þ

where jC1j and jC0j denote the number of class-1 and class-0 samples in
cluster Ck. Each sample xᵢ ∈ Ck inherits this probability:

pi ¼ π Ck

� � ð7Þ

The clustering process can be interpreted as minimizing the condi-
tional entropy of the class label Y given the cluster assignment C:

H Y jCð Þ ¼ �
XK

k¼1

P C ¼ kð Þ
X

y2f0;1g
P yjCk

� �
log P yjCk

� �
ð8Þ

Here, P C ¼ kð Þ ¼ Ckj j
N denotes the empirical probability that the

cluster-assignment random variable C takes the value k, i.e., the probability
that a randomly chosen patient lies in cluster Ck P y; j;Ck

� �
is the propor-

tion of samples with classYwithinCk; andN is the total number of samples.
Minimizing H(Y|C) is equivalent to minimizing the binary cross-

entropy loss across all samples, using the cluster-induced probabilities pi:

LBCE ¼ �
XN
i¼1

yi log pi
� �þ 1� yi

� �
log 1� pi

� �� � ð9Þ

This brings us back to the definition of the loss function in the previous
section.

Training, holdout validation, and persona generation
To ensure patient subpopulation discoveries are both predictive and sta-
tistically rigorous, the dataset is randomly split into two independent sub-
sets, typically 50% training and 50%holdout sets to ensurefindings from the
training set can be prospectively validated (Fig. 4). Within the training set,
the learning process includes sub-sampling across 1000 iterations and
subgroups of single variables, pairs, triples, and quadruples that consistently
replicate across 10,000 bootstrap samples are designated as valid Personas.

Each persona is defined by a minimal set of early-stage features
(typically 2–4 variables at screening or baseline) with specific value ranges.
These features are interpretable by clinicians and can be directly tied to
clinical, biochemical, or demographic characteristics. Once identified, per-
sonas are tested on the holdout set to evaluate generalizability and calculate
performance metrics (AUC, accuracy, sensitivity, specificity) to reinforce
their predictive power. A model is considered successful if it meets the
clinical trial’s predefined effect size and p-value (typically Cohen’s D > 0.5
and p < 0.05) thresholds formeaningful separation between the control and
treatment groups.

Data lifting and large language model integration
Following Persona discovery, NetraAI “lifts” the structured subgroup data
into a format suitable for interpretation by an LLM. The LLM used in this
study is a pretrained biomedical transformer (not patient-facing; 4o model
of ChatGPT augmented by Keymate.AI) with access to clinical literature,
trial design guidelines, and regulatory standards31,39. Exposing NetraAI
Personas to an LLM acts as a form of contextual fine-tuning, enabling
reasoning over high-signal, explainable subgroups distilled from noisy
clinical data.

Each Persona is represented as a compact machine-readable record
containing variable definitions and ranges, effect size metrics (Cohen’s D),
significance measures (p-values, confidence intervals), and cluster compo-
sition details (class proportions, sample sizes). These records are provided in
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JSON format alongside natural-language descriptors, enabling the LLM to
generate human-readable explanations and I/E criteria that remained
consistent with the quantitative boundaries defined by NetraAI.

In parallel, DAG-based compression of relevant literature, including
regulatory guidance and prior clinical trial publications, allows themodel to
operate on a distilled, coherent representation of supporting evidence. This
dual-format, context-rich approach enhances relevance, reduces halluci-
nation risk, and improves reproducibility when synthesizing discovered
Personas into enriched trial protocols, I/E criteria, and explanatory notes
grounded in biomedical context.

For example, if NetraAI identifies the following Persona:

LLM outputs are reviewed and curated by clinical experts before use.
The LLMdoes not drive patient selection autonomously; rather, it enhances
explainability and aligns subgroup findings with clinical knowledge and
regulatory frameworks, providing: (1) disease state representation from
multiple validated perspectives, (2) adaptive I/E criteria optimization, and
(3) regulatory-grade generalization with retained trial-specificity, moving
toward prospective, adaptive, and AI-enhanced patient recruitment
strategies.

Perspective analytics
NetraAI provesmultiple Personas, offeringmultiple lensesor “perspectives”
on the patient population to yieldmore comprehensive trial design insights.
This PerspectiveAnalytics framework allows for the systematic extractionof
multiple distinct, validatedmodels that each represent an interpretable facet
of the disease and drug response landscape rather than a single monolithic
one. By leveraging Perspective Analytics, NetraAI provides structured,
interpretable, and clinically meaningful insights, enabling clinicians and
regulators to evaluate patient subgroups from different validated vantage
points. This approach supports adaptive, inclusive, and data-driven trial
optimization.

By embracing a multi-perspective insight space, where each validated
Persona contributes to a more complete, structured understanding of
treatment effects, NetraAI moves beyond singular statistical models that
force homogeneity on trial data.

Mathematically, let D represent the original, heterogeneous clinical
trial dataset. The lifting process, L maps this raw dataset into a structure
space of validated Personas P, each representing a unique subpopulation
with high predictive value:

L : D ! P;P ¼ P;P2; . . . ;Pk

� � ð10Þ

Where each Pi 2 P satisfies the following properties:
• Minimal complexity, maximal predictive power: Each Persona is

characterized by a feature set of only 2–4 variables, yet consistently
exhibits strong predictive separation between treatment and control
groups while aligning with the need for these models to be practically
feasible.

• Holdout generalization: Each Persona must demonstrate statistical
robustness on unseen patient data, ensuring that its predictive effect
size remains significant beyond the training cohort.

• Multi-perspective clustering: Rather than reducing patient data to a
single explanatory model, NetraAI extracts multiple coexisting Per-
sonas, each representing a distinct, yet valid subpopulation structure.

This transformation restructures the dataset into a compact, yet highly
informative form, effectively resolving the inherent sparsity and high-
dimensional noise of small clinical trials, while ensuring that multiple per-
spectives on drug response remain accessible for downstream analysis.

The multi-perspective, high-fidelity view of the disease state and drug
interaction landscape via Perspective analytics allows the LLM tooperate on

Fig. 4 | NetraAI training and testing workflow. A dataset undergoes manual
wrangling and is randomly split into 50% training and 50% holdout sets. Within the
training set, there is a further dataset split, where NetraAI, an iterative process,
identifies combinations of variables that consistently predict the binary outcome

(e.g., responder or non-responder) to generate Personas. Surviving Personas that
meet predefined p-value (p < 0.05) and Cohen’s D (Cohen’s D > 0.5) thresholds for
meaningful separation between treatment and control are tested on the holdout set
to evaluate generalizability using performance metrics.
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the structured Persona manifold, extracting higher-order relationships
between subpopulations and generalizes I/E criteria. Mathematically, we
can describe the interaction between NetraAI’s structured Persona cluster
and the LLM as:

F : P ! C; C ¼ C1; C2; . . . ; Cm
� � ð11Þ

Where F represents the LLM-driven synthesis function and C denotes the
final set of I/E criteria that have been adapted based onboth the trial-specific
findings and the LLM’s global biomedical knowledge.

Mathematically, these Personas are essentially low-dimensional rules
that define meaningful patient groups. When these structured personas are
introduced into an LLM as contextual prompts, they act as a form of soft
fine-tuning. Rather than modifying the LLM’s weights, this process con-
ditions the model’s behavior on clinically grounded priors, enabling it to
reason over clinically relevant patterns while reducing overfitting and
enhancing generalizability. This can be viewed as a form of Bayesian reg-
ularization,where eachpersona introduces a structuredprior that guides the
model towardmoreplausible and interpretable outputs, allowing the clinical
trialist to see their clinical trial patient population through the lens of the
massivemedical corpus of data that a foundationalmodelwas trainedon. By
leveraging Perspective Analytics, NetraAI ensures that trial optimization is
no longer constrained by statistical limitations, but is instead driven by a
synthesis of rigorous, validated subpopulation discoveries and intelligent,
generalizable AI insights.

Use case dataset: ketamine trial in major depressive
disorder (MDD)
We applied NetraAI to a completed randomized, double-blind crossover
Phase II study (NCT00088699) of intravenous racemic ketamine (0.5mg/
kg) as compared to saline placebo for the TRD (n = 33) sponsored by the
National Institute of Mental Health (NIMH)21,40. Ketamine and placebo
infusions were administered two weeks apart in randomized order. All
participantswere TRD, defined as failure to respond to at least one previous
antidepressant trial and were required to have a Montgomery–Ǻsberg
DepressionRating Scale (MADRS) score of 20ormore before each infusion.
Participants were 18-65 years old and free from psychiatric medications at
least twoweeks before initial ketamine/placebo administration. Participants
underwent structural MRI upon initial screening into the study andMEGs
before the initial infusion (2–4 days before baseline) and the day of each
ketamine/placebo infusion (6–9 h later). The primary outcome was the
MADRS, which was assessed, among other measures at baseline, 40min,
80min, 120min, 230min, 1 day, 2 days, 3 days, 7 days, 10 days, and 11 days
after infusion.

For theNetraAI analysis, responsewas considered a≥40% reduction in
MADRS scores from baseline to day 7. Participants were pooled regardless
of infusion order to gather all placebo and ketamine responses (n = 63; 3
participant data sampleswere not usable). Eachparticipant had 175 baseline
features, including psychiatric scales, symptom ratings, and lab values. The
objective was to characterize PNR/TR (Placebo non-responder/treatment
responder) versus PR/TNR (Placebo responder/treatment non-responder)
and identify enriched subpopulations responsive to ketamine as shown in
the above example.

Here, the goal is to demonstrate the significant advancement in gen-
erating robust models through NetraAI’s learning paradigm. A standard
subset of powerful ML techniques was used to learn how to distinguish
PNR/TRparticipants fromPR/TNRandnested cross-validationwasused to
evaluate these models.

NetraAI is then employed to model these data and discover which
subpopulations aremost explainable and by what combination of variables.
This information is then provided to standard ML methods through a
relabeling of the patient population and a reduction of the independent
variables to the ones identified by NetraAI. The new resulting models, if
successful, will learn how to identify a desirable subpopulation, identify
patients that it cannot predict, and be robust enough to replicate.

MRI analysis substudy
For the same trial population, T1-weighted structural magnetic resonance
images (MRIs) were available. We extracted 185 volumetric features per
subject (e.g., cortical thickness, subcortical volumes).NetraAIwas applied to
MRI data to identify neuroanatomical correlates of treatment response.

Parallel machine learning analyses
A series of parallel analyses were conducted to compare the predictive
performance of traditional ML classifiers against models utilizing variable
subsets derived via NetraAI to evaluate the extent to which NetraAI guided
feature selection enhances classification accuracy in identifying strong
responders (i.e., PNR/TR) versus weak responders to ketamine treatment.

Specifically, twoparallel analytical pipelineswere implemented (Fig. 1):
1. Traditional ML classifier pipeline: The full dataset, without prior fil-

tering or dimensionality reduction, was provided to standard ML
classifiers, which internally conducted feature selection as part of their
training process. The classifiers employed included Naïve Bayes,
Random Forest, Gradient Boosting, and Deep Neural Networks
(DNN). Each classifier independently identified and leveraged vari-
ables deemed most relevant and predictive for the classification task,
reflecting conventional, data-driven ML modeling approaches23.

2. NetraAI-guided feature pipeline: NetraAI was independently used to
identify high-effect-size variable subsets related to two distinct data
domains: (1) clinical rating scales (e.g., MADRS and other psychiatric
assessments), and (2) MRI-derived neuroimaging measures (the latter
not detailed in this report, but used in parallel analyses). A specific
subpopulation identifiedbyNetraAI as strong PNR/TRswas labeled as
class “1,” while remaining patients were designated as class “0”
(unknown subgroup). These labels provided a binary classification
target for subsequent analyses. The ML classifiers were then retrained
using only these NetraAI-derived features for each respective domain,
allowing for the evaluation of the discriminative power of NetraAI’s
feature selection strategy in isolation, without additional feature
engineering.

Both pipelines were rigorously evaluated through nested cross-vali-
dation, with a 5-fold inner loop for hyperparameter tuning and a 5-fold
outer loop for unbiased performance estimation41. Nested cross-validation
involves the use of two cross-validation loops: an inner loop dedicated to
model selection and hyperparameter optimization, and an outer loop
dedicated to estimating the generalization performance of the finalized
model. This separation ensures that performance estimates are not opti-
mistically biased by the tuning process, as the outer-loop test data remain
completely independent of all training and selection steps. All models were
implemented using Python’s scikit-learn library42. Missing data were han-
dledviamedian imputationappliedwithin each training fold toprevent data
leakage. Performance metrics included Area Under the ROCCurve (AUC-
ROC), classification accuracy, and F1-score, with results presented as
mean ± standard deviation (SD) across outer cross-validation folds.

This parallel analysis design enabled a direct, fair comparison between
traditional model-driven feature selection and NetraAI-guided variable
curation, elucidating how these different approaches influence model gen-
eralizability and performance.

Dimensionality reduction and information gain experiment
To assess information retention, we used a synthetic clinical dataset with
>500 variables and performed stepwise feature elimination (100, 50, 30, 20,
5, 4 variables), guided by NetraAI rankings. For each reduction level, we
computed AUC across three classifiers and conducted PCA to estimate
cumulative variance explained43. The objective was to evaluate how well
NetraAI preserves signal with fewer variables.

Data availability
The clinical trial dataset analyzed in this study is available upon reasonable
request from the National Institute of Mental Health (NIMH), led by Dr.
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